Within this study we propose a stochastic approach to simulate soil water dynamics in the 6 unsaturated zone by using a non-linear, space domain random walk of water particles. Soil 7 water is represented by particles of constant mass, which travel according to the Itô form of 8 the Fokker Planck equation. The model concept builds on established soil physics by 9 estimating the drift velocity and the diffusion term based on the soil water characteristics. A 10 naive random walk, which assumes all water particles to move at the same drift velocity and 11 diffusivity, overestimated depletion of soil moisture gradients compared to a Richards' solver. 12 This is because soil water and hence the corresponding water particles in smaller pore size 13 fractions, are, due to the non-linear decrease of soil hydraulic conductivity with decreasing 14 soil moisture, much less mobile. After accounting for this subscale variability of particle 15 mobility, the particle model and a Richards' solver performed highly similar during simulated 16 wetting and drying circles in three distinctly different soils. . Both models were in very good 17 accordance during rainfall driven conditions, regardless of the intensity and type of the 18 rainfall forcing and the shape of the initial state. Within subsequent drying cycles the particle 19 was typically slightly slower in depleting soil moisture gradients than the Richards' model. 20
INTRODUCTION
represented by the spatial density of "water particles" at this time. Water particles are constant 131 in mass and volume. The trajectory of a single particle within a time step t is described by 132 the corresponding Langevin equation: 133
With Z being a random number, uniformly distributed between [1,-1] . Or when using standard 135 normally distributed random numbers, N, one obtains alternatively. 
Challenges of the particle based approach 145

Non-linear dependence of D and k on particle density 146
The obvious implication of the non-linear dependence of the drift velocity and diffusion term 147 on the soil water content is that a short time stepping in combination with at least a predictor 148 corrector scheme is needed to account for the non-linear change of both parameters during an 149 integration time step. 150 151 6
The non-obvious implication arises from the fact that the soil water retention curve reflects 152 the cumulative pore size distribution of the soil (Jury and Horton, 2004 ) and the actual soil 153 moisture reflects water that is stored among different size fractions of the wetted pore space. 154
At first sight one could expect an approach where all water particles in the pore space 155 experience the same diffusion coefficient D((t)) and drift k((t))/(t) to work well for high 156 particle numbers. This straightforward approach is in analogy to the treatment of solutes in a 157 random walk, where all solute particles in a flow field experience indeed the same dispersion, 158 as they experience the same "average path length". Hence their diffusion step scales for all 159 solute particles with the same coefficient. A closer look reveals, however, that it might be not 160 that straightforward in the pore space, because water flow velocity decreases with decreasing 161 pore size, which is reflected in the non-linear decrease in soil hydraulic conductivity with 162 decreasing soil water content. This non-linear decrease implies that the water particles 163 representing the actual soil water content (t) do not all travel at the same constant drift 164 velocity k((t)) and diffusivity D((t)). In fact only a small fraction of the particles, 165
representing the water in the largest wetted pores, travels according to these values; the 166 remaining water particles, representing water stored in smaller pores, are much less mobile. 167
To account for this distribution of mobility the diffusive step in the water particle model 168 cannot scale for all particles with same maximum D((t)), it needs to reflect the distribution of 169 D within the different wetted pore sizes fraction (Figure 1 ). To achieve this we subdivide the 170 particles in a grid cell into N bins (for instance 800) and calculate k and D starting from the 171 residual moisture content to the  r stepwise to (t) using a step with  ((t)- r )/N. The 172 random walk step for particles within a given bin is hence as follows: 173
Essentially, we propose that a correct random walk implementation needs to account for the 176 different mobility of the water particles in different pore sizes in the outlined manner. 177
Contrarily, we expect a "naïve" execution of Eq. (5), assuming that all particles in a given 178 grid element as equally mobile according to k((t)) and D((t)), to overestimate fluxes and 179 depletion soil moisture gradients. 180 7
2.2.2
The necessity to operate at high particle numbers 182
Another challenge when treating water flow in a Lagrangian approach is that a much larger 183 number of particles is necessary compared to random walk applications of solute transport. 184
Why so? The latter treats cases when a solute invades a domain with a small or zero 185 background concentration of this solute. The total solute mass in the system can thus be 186
represented by the order of 10 4 -10 5 particles even in large, two-dimensional domains at a 187 good signal-to-noise ratio (Roth and Hammel, 1996; Zehe et al,. 2001 ). In the case of soil 188 water dynamics the "background concentration", i.e. the stored pre-event water mass in the 189 soil profile, is much larger than the input signal of infiltrating event water. The particle 190 number must thus be considerably increased to the order of 10 6 in a one dimensional domain, 191 to ensure that the rainfall input is represented by a number of particles which is sufficiently 192 high for a stochastic approach. 193
Equilibrium and non-equilibrium infiltration 194
Infiltration into the soil at a given t is represented as input of event water particles N Based on this time scale mixing can be characterised by, for instance, using an exponential 242 distribution (as proposed by Davies and Beven, 2012) . In our study we selected an even 243 9 simpler approach, assuming uniformly distributed mixing between the time when the particle 244 enter the domain and the mixing time. This approach maximises the entropy of the mixing 245 process (Klaus et al., 2015) thereby minimizing the number of a-priory assumption; because 246 mixing of each particle is equally likely. 247 248
2.4.2
Time stepping and subscale variability of particle mobility 249
For model execution we choose a predictor corrector scheme: we predict the particle 250 displacement for 0.5*t, based on k((t)), D((t)), update (t+0.5*t) based on the new 251 particle density distribution and compute the full time step using k((t+0.5*t)), 252 D((t+0.5*t)). As k((t)) and D((t)) are only available at the discrete nodes of the 253 simulation grid, these are interpolated to the particle locations using inverse distance weights. 254
255
We tested two different approaches to cope with the above explained non-linear dependence 256 of D and k on (t) and thus on particle density. The first, referred to as "full mobility mode", 257 can be realised by always assigning the same particle to same pore size fraction/ "mobility 269 class". Within our simulations we tested both options. The second option turned out to be 270 clearly superior with respect to matching simulations with a Richards' solver. Alternatively, 271
we implemented also the straightforward/naïve approach, where all particles in a grid cell 272 travel according to the same diffusion coefficient and drift velocity. 
Particle model versus Richards equation 275
In a set of benchmarks we compared the particle model (PM) to a numerical solver of the 276 Richards equation, which was also implemented using Matlab using the same predictor 277 corrector scheme. We simulated wetting and drying cycles for three soils with rather different 278 soil water characteristics ( Table 1 These soils were exposed to simulated wetting and drying cycles summarized in Table 2, 
RESULTS
320
In the following we present final soil moisture profiles simulated with the Darcy -Richards 321 and the particle model for selected runs and compare the temporal evolution of soil moisture 322 profiles in form of 2d colour plots. In terms of computing time we noted no remarkable 323 difference between the particle model and the Richards solver. This is because the code is 324 implemented by relying almost exclusively on array operations, thereby avoiding time-325 consuming loops over all particles. We may hence state that the particle model might be not suited for long term simulations in 375 coarse grained, fast draining soils during non-driven conditions. It appears however as a 376 feasible alternative to the Richards equation for simulation of rainfall driven soil moisture 377 dynamics in these soils. 378 We may hence also state that the particle model might be a feasible alternative to the Richards 396 equation for simulation of for rainfall driven soil moisture dynamics in soils which consists of 397 fine aggregated, silty material. Compared to the Richards equation the particle model shows 398 the same type of deficiency as during simulations for the sandy soil, a slightly too slow 399 depletion of gradients due to a slightly too slow gravity flux, but a less pronounced. 400 401
Calcaric Regosol on loess 402
Simulations of soil water dynamics in the either finer grained Calcaric Regosol on loess 403 revealed again that both models performed highly similar, particularly when operating the 404 particle model at a mobile fraction of 0.1. This is corroborated for 3h long block rain with a 405 total amount of 15 mm (Figure 7a This study provides evidence that a non-linear, random walk of water particles is a feasible 466 alternative to the Richards equation for simulating rainfall driven soil moisture dynamics in 467 the unsaturated zone in an effective and yet physical manner. The model preserves capillarity 468 as first order control and estimates the drift velocity and the diffusivity term based on the 469 unsaturated soil hydraulic conductivity and the slope of the soil water retention curve. As 470 expected, a naive random walk, when all particles in a grid element travel according to 471 k((t)), D((t)), overestimated depletion of soil moisture gradients compared to the Richards 472 solver within three different soils for all tested initial and boundary conditions. The key for 473 improving the particle model performance was to account for the fact that soil water in 474 different pore size fractions is not equally mobile. When accounting for this subscale 475 variability in particle mobility in different pore sizes by resampling the D and k curves from 476 their minimum to the actual values with a suitable numbers of bins (Eq. 6), the particle model 477 performed in good to very good accordance with the Richards' solver in three distinctly 478 different soils. Both models were in very good accordance during rainfall driven conditions, 479 regardless of the intensity and type of the rainfall forcing and the shape of the initial state. 480
481
Within subsequent drying cycles the particle was typically slightly slower in depleting soil 482 moisture gradients than the Richards' model. Test simulations corroborated that the likely 483 reason for this is that gravity driven flow in the Richards model is slightly faster than in the 484 particle model. This reason is consistent with our finding that these differences are larger in 485 the fast draining sandy soil with low retention properties than in the more fine grained soils. 486 487
Learning about inherent assumption and stepping beyond limitations of 488 the Richards approach 489
Alternatively, we tested a less computational demanding approach, assuming only the 10 or 490 20% of the fasted particles to be mobile, while treating the remaining particles located in 491 smaller pores sizes as immobile. In the cases of the sandy soil and the silty soil a mobile 492 fraction of 0.1 or 0.2 revealed almost identical results as the full mobility model. In the fine 493 porous Calcarig Regosol the differences between the full mobility model and the model 494 operated at a mobile fraction of 0.1 were slightly stronger, the mobile fraction mode was 495 generally less dispersive then the full mobility model and particularly in better accordance 496 with the Richards solver for all simulation experiments. Our simulations hence provide clear 497 evidence that 90% of the water stored in fine porous cohesive soils does not contribute to 498 rainfall driven soil moisture dynamics, but compiles a rather immobile soil moisture stock. 499
500
In this context we compared also the cases of perfect mixing and no mixing between mobile 501 and immobile water particles between different time steps (as explained in section 2.4.2). The 502 second option was clearly superior with respect to matching simulations with a Richards' 503 solver, while the other yielded strong differences. We may thus state that the particle model is 504 a suitable tool to "unmask" a) inherent implications of the Darcy-Richards concept on the 505 fraction of soil water that actually contributes to soil water dynamics and b) the inherent very 506 limited degrees of freedom for mixing between mobile and immobile water fractions. Our 507 findings suggest, furthermore, that the idea of two separate water worlds, one supplying 508 runoff the other supplying transpiration, which is advocated in Brooks et al. (2010) , is a 509 somewhat naïve interpretation of soil physics and the inherently low degrees of freedom water 510 to mix across pores size fractions, than a real mystery. 511
512
In a real world benchmark the particle model matched simulations with the Richards solver 513 again very well. However, both models clearly overestimated top soil wetting compared to 514 observations, and underestimated wetting in 10 cm at the end of the simulation. An asset of 515 the particle based approach is that the assumption of local equilibrium equation during 516 infiltration may be easily ignored. Specifically we did this to less the idea whether bypassing 517 of a fast water fraction might explain the model bias in the topsoil. To this end infiltrating 518 event water particles were treated as second particle type, which travel initially mainly gravity 519 driven in the largest pore fraction at maximum drift, and yet experience a slow diffusive 520 mixing with the pre-event water particles within a characteristic mixing time. introduced to stop rapid flow in the MIP model, we used a uniform distribution which 534 maximizes entropy of the mixed particles (Klaus et al., 2015) . 535
Conclusions and Outlook 536
We conclude overall that the proposed non-linear random walk of water particles is an 537 interesting alternative for simulating rainfall driven soil moisture dynamics in the unsaturated 538 zone in an effective manner, which nevertheless preserves the influence of capillarity and 539 makes use of established soil physics. The approach is easy to implement, even in two or 540 three dimensions and fully mass conservative. The drawback is the required high density of 541 particles, arising from the small ratio of event water to pre-event water in soil, which might 542 become a challenge when working in larger domains and several dimensions. However, due 543
to its simplicity the model is straight forward to implement on a parallel computer. 544
545
The approach has, however, compared to the Richards solver slight deficiencies during long 546 term drainage phases, particularly in coarse grained, fast draining soils. One might hence find 547 an adaptive model structure as favourable. During radiation driven conditions when water 548 flow is slow and in local equilibrium, it is favorable to use to a Richards solver, because it 549 works well and it is much more computationally efficient and treatment of for instance root 550 water uptake is much more straightforward. During rainfall driven rainfall driven conditions, 551 when time stepping needs to be in the order of minutes, due to the characteristic time scale of 552 changes in rainfall intensity, we recommend to switch to the particle approach. Particularly 553 also because the implementation of fast non-equilibrium infiltration and the separation of 554 event and pre-event water is straight forward, compared to for instance a non-local 555 formulation of the Richards equation (Neuweiler et al., 2012) . In line with Ewen (1996) we 556 hence regard particle based models as particularly promising to deal with preferential 557 transport of solutes (optionally also heat), and to explore transit time distributions in a forward 558 mode. 559
560
We are aware, that the evidence we provided here is a somewhat tentative first step 561 corroborate the flexibility of the particle based approach to include non-equilibrium flow and 562 matrix flow in the same stochastic, physical framework. A much more exhaustive treatment of 563 this issue is provided in a forthcoming study which presents and extension of the concept to a 564 2 dimensional domain with topologically explicit macropores and the test of concurring 565 hypothesis to represent infiltration into macropores as well as macropore matrix interactions. 566
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